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Introduction
With the improved spatiotemporal resolution of neuroimaging methods such as functional magnetic resonance imaging or FMRI, researchers have become increasingly interested in visualizing activity in subcortical circuits related to reward processing (Knutson and Cooper, 2005; O'Doherty, 2004) . Reward processing critically recruits a group of subcortical nuclei called the "striatum" (Haber and Knutson, 2010) . The striatum is comprised of distinct components, which can be differentiated based on their structural, connectional, chemical, and functional properties. Ventromedial regions of the striatum, notably the nucleus accumbens (NAcc), receive dopaminergic projections from the ventral tegmental area of the midbrain and have been particularly implicated in reward processing (Kelley and Berridge, 2002; Robbins and Everitt, 1996; Wise, 2002) . Both animal and human studies imply a functional gradient in the NAcc running from anterior to posterior, with anterior components involved specifically in reward processing and posterior components involved in more general motivational processing (Berns and Bell, 2012; Reynolds and Berridge, 2002; Seymour et al., 2007) . With increasing spatial resolution afforded by FMRI, the potential for more specific functional localization grows.
While statistical techniques for analyzing FMRI data are designed to optimize statistical power, this may come at the cost of anatomical specificity. One such technique involves spatial smoothing, in which voxel activation values are integrated with neighboring voxel values through convolution with a spatial kernel (e.g., with a Gaussian profile). Investigators typically use spatial smoothing to reduce high-frequency and increase low-frequency activity components, so as to increase signal to noise ratio and compensate for functional and anatomical variation across subjects. In advocating these techniques, however, theorists have acknowledged potential tradeoffs: "One knows from standard filtering theory that the 'best' smoothing filter or kernel is one that matches the objects to be identified…how-ever…the theory of Gaussian random fields…only holds when the voxel size is appreciably smaller than smoothness." (Worsley and Friston, 1995) . By implication, if an investigator has no prior expectation that they will observe activity in small brain regions, then they may adopt larger spatial smoothing kernels in order to minimize the number of statistical tests applied to their data. However, if small regions are activated, large smoothing kernels may systematically bias or even obscure evidence of underlying activation (Friston et al., 1994) .
Particularly in the case of subcortical nuclei implicated in reward processing, spatial smoothing could systematically alter the localization of activation foci. Specifically, the NAcc comprises a small tubelike structure that bilaterally extends from the sides to the center of the brain. While the anterior section of the NAcc is surrounded by white matter, the posterior section is surrounded by the gray matter of the neighboring striatal structures called the putamen and caudate. Gray matter content contributes significantly more to blood oxygen level dependent FMRI activity, since gray matter uses four times as much energy and contains considerably more veins than white matter (Logothetis and Wandell, 1994) . Thus, given the greater proportion of gray to white matter in anterior versus posterior regions of the striatum (and surrounding the NAcc in particular), increased spatial smoothing might have the appearance of "moving" anterior activation foci into more posterior regions.
The goal of the current study was to determine whether differences in spatial smoothing could systematically bias the localization of reward-related activity in the ventral striatum (and particularly the NAcc). Based on the greater contribution of white matter to voxel content in the anterior versus posterior NAcc, we predicted that spatial smoothing would "shift" activation foci from anterior to posterior in the striatum. To address this issue, we used two meta-analytic techniques to examine foci reported in several studies of reward processing. These studies were designed to elicit anticipation of monetary rewards and have been shown to robustly elicit NAcc activity several different laboratories, as exemplified by the monetary incentive delay or "MID" task (Knutson et al., 2000) and similar paradigms. To establish the specificity of the smoothing kernel's influence on the localization of activation foci, we further reanalyzed an existing MID task dataset after systematically preprocessing that data with different smoothing kernels.
Materials and methods

Meta-analytic analyses
Study selection
For meta-analysis, we explored the BrainMap database using the Sleuth interface (v2.0, http://www.brainmap.org; Fox and Lancaster, 2002; Fox et al., 2005; Laird et al., 2005 ; search date: 16 April 2012). Relevant FMRI studies were identified using the following search criteria: context "normal mapping" and paradigm class "reward task" (n = 160). From this set, a subset was identified that implemented the MID task or similar experimental manipulations that specifically elicited anticipation of financial reward. Studies were excluded if they did not list foci or isolate a contrast as "anticipation of monetary gain vs. anticipation of no gain" or use a similar label. To maintain homogeneity, contrasts of "anticipation of monetary gain vs. anticipation of monetary loss" were not included. Contrasts in studies of aging or psychiatric patients were only included for younger or control groups, respectively. One additional eligible study not in the BrainMap database but recommended by a reviewer was also included (Simon et al., 2010) .
Data from the 23 studies that fit these criteria were subsequently submitted to meta-analyses (Table 1 ). Since the current comparison primarily focused on spatial smoothing, kernels were identified for each study (magnet strength and acquisition voxel volume were also identified). If a given study spatially smoothed both raw functional data and statistical maps (i.e. t or z maps), then an aggregate smoothing kernel was estimated with the following formula: S e = sqrt( S a 2 +S b 2 ),
where S a and S b are the implicated smoothing kernels and S e is the aggregate smoothing kernel estimate. Twenty-two of the 23 studies reported using Gaussian smoothing kernels specified in terms of mm of full width at half maximum (FWHM). One study (Knutson et al., 2001a) used root-mean square (RMS) smoothing, which was converted to FWHM using the following formula: FWHM= 1.359556*RMS (Analysis of Functional Neuroimages (AFNI) documentation: http://www. afni.nimh.nih.gov/).
Activation likelihood estimate (ALE) meta-analysis ALE meta-analysis was conducted using the BrainMap GingerALE software suite (v2.1, http://www.brainmap.org; Eickhoff et al., 2009 Eickhoff et al., , 2011 Eickhoff et al., , 2012a Turkeltaub et al., 2012) . ALE analysis represents foci from included contrasts as peaks of Gaussian functions, and models the probability of activation over all studies at each spatial point in the brain, returning localized "activation likelihood estimates" or ALE values. The number of subjects in a given study dictates the spatial extent of the Gaussian function used. ALE values are computed for each voxel by computing the likelihood that an activation focus lies in that voxel. The ALE values are then compared against a null distribution created from simulated datasets with randomly placed foci, and significantly activated clusters are identified. All analyses were conducted in the Talairach coordinate system. Foci originally reported in Montreal Neurological Institute coordinates were transformed into the Talairach coordinate system with the icbm2tal algorithm (Laird et al., 2010; Lancaster et al., 2007) .
To compare the effects of smaller versus larger spatial smoothing kernels on foci localization, studies selected from the BrainMap database were separated into two groups: (1) those in which the spatial smoothing kernel used was less than 6 mm FWHM (i.e., "smaller;" n = 10); and (2) those in which the spatial smoothing kernel used was greater than 7 mm FWHM (i.e., "larger;" n = 9). Statistically thresholded ALE maps for each group were computed (FDR (q)= 0.001, minimum cluster size = 200 mm 3 ), and peak NAcc foci were compared. ALE subtraction analysis was then conducted to directly compare localization of foci in smaller versus larger kernel groups (with FDR (q) = 0.01, minimum cluster size = 64 mm 3 ; Eickhoff et al., 2012b) . We then conducted a t-test to estimate the effect size of the difference between the anterior coordinates of foci for smaller versus larger groups.
Correlation analyses
From each of the 23 studies previously identified, peak foci coordinates associated with the NAcc were identified, and, if necessary, converted to Talairach coordinates (using icbm2tal). Magnet strength and acquisition voxel volume were also noted. In each study of interest, foci and z-scores were included if labeled as ventral striatum (VS), NAcc, VS/NAcc, VS/putamen, or ventral pallidum. In order to assess relationships between smoothing, peak z-score, magnet strength and foci coordinates, Pearson linear correlation coefficients were calculated. Bonferroni correction was used to correct for multiple comparisons across three spatial dimensions (i.e. critical alpha = 0.05/ 3 = 0.0167). If bilateral regions were identified in a given study, the largest absolute x coordinate, largest y coordinate, and largest z coordinate were included in the analyses. This procedure includes all identified studies in all analyses (i.e., each study reported at least one NAcc activation focus, though not every study reported bilateral NAcc activation foci). If a peak statistical value was originally reported as a t score, then it was converted to z-score by first assessing the p-value associated with the given t score using the degrees of freedom of the statistic (1 less than the number of subjects in the contrast) and the Student's t probability function (function tpdf(); MATLAB, the Mathworks Inc.). Next, corresponding z-scores were identified using the normal probability density function (function normpdf();MATLAB, the Mathworks Inc.). Errors between t-value and z-score p-values were no greater than 0.00001.
Reanalysis of a common dataset Subjects
Subjects consisted of a community sample of 22 healthy young adults (right-handed, English speaking, 16 female, age range= 21-45, age mean= 33.4 years, age SD = 7.0). The data from these subjects was collected previously for a study of reward processing across the lifespan (Samanez-Larkin et al., 2010) . Subjects were healthy (no self-reported history of psychiatric or neurological disorders, no current psychiatric or cardiac medication). Informed consent was obtained from all subjects, under approval by the Stanford University School of Medicine IRB. In addition to receiving $20/h reimbursement, subjects received additional payment dependent on their performance on the Monetary Incentive Delay (MID) task.
Monetary incentive delay task
Subjects completed a version of the MID task (E-Prime, Pittsburgh PA) during fMRI acquisition (Knutson et al., 2000; Samanez-Larkin et al., 2007) . After spoken and written instruction, subjects completed one practice session before experimental sessions were conducted in the scanner. Each trial consisted of viewing cues (2000 ms) first, which indicated incentive valence and magnitude (gain/loss, ± $0/0.5/5). Next a fixation cross appeared ("anticipation" phase; 2000-2500 ms), followed by a centrally presented target (150-500 ms). If the subject pressed a button before the target's offset, then they either gained or avoided losing the cued monetary amount. The trial's outcome then appeared ("outcome" phase; 2000 ms). Inter-trial intervals pseudorandomly varied from 2000 to 6000 ms. In total, subjects completed 180 fully randomized trials, including 30 repetitions of each of the 6 trial types. Subject performance was maintained by adaptively changing target durations within condition (performance goal = 66% correct). FMRI data acquisition was time-locked to cue and outcome presentation using a real-time drift correction algorithm.
MRI acquisition and analysis
FMRI data was collected with a 1.5 T General Electric MRI scanner with quadrature head coil (General Electric, Milwaukee, WI). High-resolution structural scans were collected for spatial localization and co-registration of functional data (T1-weighted, spoiled gradient recalled acquisition in steady sequence; TR= 100 ms, TE= 7 ms, flip angle= 90°). Functional data was acquired with 24, 4 mm thick slices (in-plane resolution = 3.75× 3.75 mm; no gap). The volume extended from midpons to the top of the skull, thus fully including the striatum. A T2*-sensitive in-out spiral pulse sequence that specifically reduced signal dropout at the base of the brain was used (TR = 2 s, TE= 40 ms, flip angle = 90°; Glover and Law, 2001 ).
fMRI analysis
Analyses focused on the anticipation period (2000-2500 ms period post-cue and pre-target in which a fixation cross appeared) for gain trials (i.e. button press during the target period resulted in monetary reward). Analysis of Functional Neuroimages software (AFNI; http:// afni.nimh.nih.gov/) was used for all fMRI analyses. Preprocessing included concatenation of runs, refitting and slice-timing correction, motion correction (using Fourier interpolation), spatial smoothing using a variable Gaussian kernel (variable; see below), raw signal normalization to percent change (with reference to mean activation across the entire run), and high-pass filtering at 0.011 Hz. Seven different analyses were conducted at variable FWHM values of 0, 2, 4, 6, 8, 10, and 12 mm.
Preprocessed data from each subject were analyzed using a multiple regression model (Neter et al., 1996) , which included fully orthogonal regressors contrasting gain (+$0.5/5) vs. non-gain (+$0) anticipation, loss (−$0.5/5) vs. non-loss (−$0) anticipation, gain (hit: +$0.5/5) vs. non-gain (miss: +$0.0/0) outcomes, and non-loss (hit: −$0.0/0) vs. loss (miss: −$0.0/0) outcomes. Two additional orthogonal regressors highlighted periods of interest (anticipation/outcome), 6 described residual motion and 6 modeled baseline, linear, and quadratic trends. Regressors modeled activity during 2 s periods convolved with a prototypical hemodynamic response function (Cohen, 1997) . Individual coefficient maps were warped to Talairach space and group level t-tests were conducted voxel by voxel on gain vs. non-gain anticipation coefficients. Resulting t-statistic maps were then transformed to z-scores.
Relative maximum activation foci were manually identified. Relative maximum voxels exhibited larger z-scores than each facing voxel (i.e. not including cornering voxels). Selected voxels were constrained either to lie within, or to border the NAcc. The NAcc was defined superiorly by drawing a line from the tip of the internal capsule medially to the ventricle, laterally by drawing a line from the tip of the internal capsule inferiorly to the white matter, and posteriorly by the anterior commissure. All other edges were defined by white matter boundaries (Breiter et al., 1997; Knutson et al., 2008b; see Fig. 4 , Panel H). The maximum value in the anterior/posterior (A/P) dimension was selected from either the left or right side for each analysis (n = 7). After the maximum A/P focus was identified, the slope of the line of best fit (least-squares) was calculated across their coordinates. This slope was compared in a permutation test to similar slopes calculated from 100,000 permuted datasets in which previously selected A/P coordinates were randomly assigned to a smoothing kernel. The proportion of slopes equally as large or larger was computed, resulting in an index of statistical significance (p-value).
Results
ALE meta-analysis
ALE analysis of reward versus nonreward anticipation activity in the "smaller" smoothing kernel group (b6 mm; foci= 103, experiments= 10, number of subjects = 116) revealed two significant activation likelihood clusters, the larger with relative maxima in left NAcc, right NAcc, and right thalamus (Table 2 ). ALE analysis of reward versus nonreward anticipation activity in the "larger" smoothing kernel group (>7 mm;" foci= 86, experiments = 9, subjects = 119) revealed significant activation likelihood clusters in right NAcc and left putamen (Table 2) . Both right and left NAcc foci in the smaller group were anterior to corresponding right NAcc and left putamen foci in the larger group (right Talairach anterior coordinate: 8 mm vs. 4 mm, left Talairach anterior coordinate: 10 mm vs. 6 mm).
Further, an ALE subtraction analysis comparing activity in the smaller versus the larger group revealed one significant cluster in left NAcc (Table 2 ). This cluster appeared anterior and medial to the left putamen activation focus identified in the larger group ( Fig. 1 ; larger cluster focus at Talairach coordinates − 10, 9, − 1). Additionally, a t-test of the most anterior foci in the smaller group versus the larger group indicated a significant difference in anterior localization (t(17) = 2.87; p b .02), with a large effect size (Cohen's d = 1.31). Significant violations of normality were not apparent, and nonparametric tests revealed similar significant associations.
Anterior foci identification
Of the 23 studies identified, 9 labeled activation foci in the ventral striatum (VS), with 10 labeled in the nucleus accumbens (NAcc), 2 in ventral striatum/nucleus accumbens (VS/NAcc), 1 in ventral striatum/ putamen (VS/putamen), and 1 in ventral pallidum (Table 1) . These studies included a combined total of 320 subjects, and utilized smoothing kernels ranging from 4 to 10 mm FWHM. Correlation analyses revealed significant negative associations of spatial smoothing kernel with the anterior localization of ventral striatal activation foci (Pearson's r = − 0.51, p b 0.015; Fig. 2B ) and peak voxel z-score (Pearson's r = − 0.47, p b 0.025; Fig. 2D ). In contrast, voxel volume at acquisition, magnet strength and publication date were not associated with any localization parameters (Fig. 2E-L) .
Data reprocessing at different smoothing kernels
Activation foci were identified from datasets that were preprocessed using 0, 2, 4, 6, 8, 10, and 12 mm FWHM smoothing kernels (Supplementary Table 1 ). The nonparametric permutation test revealed a significant negative association of spatial smoothing kernel size with the anterior versus posterior localization of the most anterior activation foci (p b 0.005) (Fig. 3) . Horizontal slice images at z = −2 suggested that increasingly large smoothing kernels reduced spatial resolution and merged activation foci (but also increased peak z-scores in some cases; Fig. 4 ).
Discussion
We investigated whether spatial smoothing could systematically bias the localization of subcortical activation during reward anticipation. In both analyses of existing reports in the literature and in a single reprocessed dataset, increasing spatial smoothing "shifted" activation foci posteriorly in the ventral striatum (particularly in the NAcc). Specifically, an ALE meta-analysis of FMRI studies of reward anticipation indicated that increasing the smoothing kernel shifted peak ALE foci back in the striatum. Specifically, smoothing Fig. 1 . ALE meta-analytic comparison: Ventral striatum (z = −3): (A) b6 mm spatial smoothing, (B) >7 mm spatial smoothing, (C) ALE subtraction analysis, b6 mm minus >7 mm spatial smoothing.
kernel size was significantly associated with posterior displacement of activation foci, and direct comparison of studies involving smaller (b 6 mm) versus larger (> 7 mm) smoothing kernels verified this posterior displacement. Notably, foci in the left of the striatum not only shifted posteriorly, but also across regions from the nucleus accumbens to the putamen. Further, repeated analysis of the same dataset reprocessed at increasing levels of smoothing also indicated a posterior shift in activation foci. These findings are consistent with the prediction that increasing smoothing kernel size can shift apparent activation foci from regions including minimal gray matter to those with denser gray matter composition. By comparison, shifts in other directions (e.g., superior-inferior or right-left) were not significant. Other potentially relevant parameters showed no significant association with localization (e.g., voxel size, magnet strength, year of publication). An additional variable that might significantly influence investigators' ability to detect activation in small subcortical regions involves the choice of a cluster criterion for significance. For instance, as defined in this study, the NAcc in a standard Talairach-warped brain encompasses approximately 600 mm 3 (i.e., approximately nine four-mm cubic voxels; see also Neto et al., 2008) . By definition, any cluster criterion that exceeds approximately 600 mm 3 should preclude detection of localized activity in the NAcc.
All of the studies reviewed in this meta-analysis used smaller (or no) cluster criteria, but larger cluster criteria are commonly adopted in the literature. Together, these meta-analytic findings suggest a potential for bias in the literature related to emotion and incentive processing, particularly in reviews that do not statistically account for spatial preprocessing parameters (e.g., Chase et al., 2011; Knutson and Greer, 2008; Lindquist et al., 2012; Liu et al., 2011) .
Other untested parameters, however, might also contribute to the observed meta-analytic association of smoothing kernel size with posterior localization. To control for potential confounds, we repeatedly analyzed an existing dataset with known activation during reward versus nonreward anticipation after preprocessing it with different degrees of spatial smoothing. Consistent with meta-analytic findings, increasing the smoothing kernel moved apparent activation foci posterior in the NAcc, and even outside that structure into the neighboring putamen. Visual inspection of activation foci suggested that this "shift" may be more attributable to omitting anterior foci than to perturbing the locale of more posterior foci. Fortunately, these collected findings suggest a simple solution-using smaller smoothing kernels (e.g., 4 mm FWHM or less) should minimize displacement in studies of reward processing. Future statistical methods might provide more sophisticated smoothing algorithms that can account for variable gray and white matter composition in different voxels, as well as for edges between gray and white matter (Walker et al., 2006; Yue et al., 2010) .
Since the genesis of fMRI, investigators have cautioned investigators about the necessary tradeoff between spatial smoothing and statistical power (Friston et al., 1994) . Over the past decade, however, most investigators have opted for statistical power over spatial localization, perhaps due to the default settings of many statistical analysis packages. Other early reviews have theoretically considered the influence of spatial smoothing on cortical localization (Aguirre et al., 1997; Worsley and Friston, 1995) . Subcortical structures, however, have distinct idiosyncrasies, including small and irregular gray matter structure as well as variable white matter boundaries. Consistent with animal studies, these subcortical regions have increasingly been implicated in incentive processing, which holds potential relevance for the diagnosis and treatment of psychiatric disorders (e.g., Schumann et al., 2010) . Thus, a combination of technological advances and health relevance has increased the need for more accurate localization of subcortical activity, and calls for a reevaluation of the tradeoff between spatial localization and statistical power.
While we have focused on spatial smoothing, other parameters related to localization deserve further scrutiny (e.g., cluster size, temporal resolution). Although understandable based on purely statistical considerations, the current meta-analytic findings suggest that use of large spatial smoothing kernels both persists in the literature and can bias localization. Consistent with the predicted tradeoff, spatial smoothing increased the strength of activation foci in regions dense with gray matter in the meta-analytic results, and possibly in the reanalyzed dataset (if one includes foci outside the NAcc). However, the increasing strength and homogeneity of scanning techniques may eventually obviate the need to boost power with statistical techniques, preserving spatial localization without sacrificing detectability. Since we focused on circuits relevant to incentive processing, the present findings may apply more to subcortical than cortical regions.
By extension, other subcortical circuits (e.g., the hippocampus or ventral tegmental area) may also be subject to these types of biases and thus deserve similar consideration.
Conclusions
These findings indicate that spatial smoothing may systematically bias the localization of subcortical activity related to incentive processing. They suggest caution in interpreting past literature (based on preprocessing parameters) and imply that investigators should apply minimal smoothing in future studies of incentive processing.
Supplementary data to this article can be found online at http:// dx.doi.org/10.1016/j.neuroimage.2012.10.056.
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